T HE standard genetic model in quantitative genetics
is that phenotype P is the sum of genotype G and environment E: P ¼ G 1 E (Falconer and Mackay 1996) . The phenotypic variance can be written as s On the basis of analysis of field data and laboratory (selection) experiments, there is, however, some empirical evidence that genotypes differ in s 2 E . Several studies have been carried out to quantify genetic differences in environmental variance in field data. SanCristobal-Gaudy et al. (2001) , Sorensen and Waagepetersen (2003) , and Ros et al. (2004) explicitly modeled genetic differences in environmental variance and found substantial genetic variance in environmental variance for litter size in sheep, litter size in pigs, and body weight in snails, respectively. Van Vleck (1968) and Clay et al. (1979) , in analysis of milk yield in dairy cattle, and Rowe et al. (2006) , in analysis of body weight in broiler chickens, found large differences between sires in phenotypic variance within progeny groups. In these studies, it was not possible to distinguish whether these differences were due to heterogeneity of environmental variance, genetic variance, or both.
Several selection experiments have been carried out to investigate whether phenotypic variance can be changed by selection. Phenotypic variance changed in some selection experiments with Drosophila melanogaster and Tribolium castaneum (Rendel et al. 1966; Kaufman et al. 1977; Cardin and Minvielle 1986) , while it did not in an experiment with mice (Falconer and Robertson 1956) . In these experiments, it was not always clear whether the response in variance was due to a change in environmental variance, genetic variance, or both. Mackay and Lyman (2005) derived 300 isofemale lines of Drosophila and computed the coefficient of variation (CV) for environmental variance within each homozygous line, effectively a clone, and within crosses of each line with another inbred line. They found highly significant genetic variance in the CV and in environmental variance between lines. Homozygotes had higher environmental variance, in agreement with findings of Robertson and Reeve (1952) . This study is probably the cleanest known example of showing genetic variance in environmental variance because the design allowed repetition of genotypes.
In livestock and plant breeding, uniformity of end product is an important topic. In meat type animals, for 1 instance, uniformity has economic benefits because excessive variability in carcass weight or conformation is penalized by slaughterhouses. Hohenboken (1985) reviewed the potential of mating systems (crossing, inbreeding) and breeding schemes to change variability. To evaluate breeding strategies, methods to predict responses to selection for uniformity are necessary. SanCristobalGaudy et al. (1998) derived prediction equations and SanCristobal- Gaudy et al. (2001) evaluated different selection indices using Monte Carlo simulation when the aim was to select for an optimum phenotype and thereby decrease the variance around the optimum (canalizing selection). Sorensen and Waagepetersen (2003) evaluated response to selection using an index including the mean and the variance of multiple records of an individual and Ros et al. (2004) discussed the use of a restricted index aiming at decreasing the environmental variance, while maintaining the mean. derived simple equations to predict response to directional mass selection with genetic heterogeneity of environmental variance. In general, these prediction equations can be used only in special cases. A general framework to predict responses in mean and variance is lacking.
The objective of the present study was to develop a general framework for prediction of breeding values and responses to selection with genetic heterogeneity of environmental variance. Responses to selection were predicted for different forms of selection based on a single phenotype, as well as selection on a mean or variance of a group of relatives. Furthermore, a measure of heritability of environmental variance was developed, enabling a direct comparison between selection to change the environmental variance of a trait and the well established framework of selection to change its mean.
DERIVATION AND EVALUATION OF EXPRESSIONS
In this section, the model incorporating genetic heterogeneity of environmental variance is defined and the framework for prediction is explained. Prediction of breeding values and selection responses based on a single phenotype and a group of relatives are then considered, in each case using Monte Carlo simulation to investigate the relationships between true breeding values and phenotypic information. Using these observations, multiple-regression equations are derived for one generation of selection and their goodness of fit is evaluated by simulation. Finally, a measure of heritability for environmental variance is proposed.
Genetic model and framework for prediction
The classical model, in the absence of dominance and epistasis, P ¼ A 1 E (Falconer and Mackay 1996) , is extended to include an additive genetic effect for the environmental variance, , where m and s 2 E are, respectively, the mean trait value and the mean environmental variance of the population, A m and A v are, respectively, the breeding value for the mean and environmental variance, and x is a standard normal deviate for the environmental effect. It is assumed that A m and A v are the sum of the effects at an infinite number of loci each with small additive effects and follow a multivariate normal distribution N 0 0
; C5A
, where A is the additive genetic relationship matrix,
Am is the additive genetic variance in A m , s The genetic model in Equation 1 does not allow for random environmental effects on the magnitude of the environmental variance, because without repeated measurements on each individual these cannot be separated from the usual random environmental effects. With repeated measurements on each individual, these environmental effects on environmental variance become equivalent to permanent environmental effects (e.g., SanCristobal-Gaudy et al. 1998; Sorensen and Waagepetersen 2003) .
To predict the breeding valuesÂ m andÂ v and selection responses DA m and DA v , multiple regression was used. Selection index theory is essentially an application of multiple regression (Hazel 1943) . Multiple regression gives the best linear prediction (BLP), which is equal to best linear unbiased prediction (BLUP) when fixed effects are known without error (Henderson 1984) . When variables are multivariate normally distributed, regressions are linear and homoscedastic (Lynch and Walsh 1998) . Although the distribution of P deviates slightly from normality with genetic heterogeneity of environmental variance (s 2 Av . 0), P, A m , and A v follow an approximately multivariate normal distribution for values of s 2 Av observed in the literature (e.g., SanCristobalGaudy et al. 2001; Sorensen and Waagepetersen 2003; Ros et al. 2004; Rowe et al. 2006) , justifying the use of multiple regression.
Multiple regression with selection on a single phenotype Monte Carlo simulation: Monte Carlo simulation was used to investigate the relationships between A m and A v with P, with the objective to decide which order of fit would be required for accurate prediction and then to evaluate the fit of predictions on the basis of multiple regressions. Fifty replicates with one phenotypic observation on each of 500,000 unrelated animals in each replicate were generated according to the genetic model in Equation 1, assuming m ¼ 0. The breeding values A m and A v and the environmental effect x were randomly drawn from N ð0; 1Þ and scaled by their corresponding standard deviations. When the genetic correlation between A m and A v was nonzero, A v was sampled given the expected value based on A m with variance ð1 À r A Þ 2 s 2 Av . Expected breeding values were calculated as the mean A m and A v within successive intervals of 0.01 units of P (s 2 P ¼ 1) and averaged over replicates. Expected selection responses to directional mass selection were calculated as the mean A m and A v of all selected animals having P $ x and averaged over replicates, where x is the truncation point. The selected proportion was assumed to be the same in both sexes.
Breeding value estimation: Figure 1 , A and B, presents, respectively, the expectation of A m given P and the expectation of A v given P 2 when r A ¼ 0, obtained by simulation. These show that the relationship between A m and P is almost linear and that the relationship between A v and P 2 is also almost linear (quadratic in P). Therefore, P À m roughly predicts A m and regression on ½P À m 2 À Ef½P À m 2 g roughly predicts A v . As a consequence of genetic heterogeneity of environmental variance, the distribution of P is slightly leptokurtic and is slightly skewed when r A 6 ¼ 0. By fitting curves to the simulation results, it was found that regression on ½P À m 3 À Ef½P À m 3 g explained most of the residual nonlinearity and skewness when r A 6 ¼ 0. Moments of P of higher order did not improve the fit and were therefore not considered in the rest of this study.
On the basis of this curve fitting, breeding values were predicted using multiple regression on the first through third order of P,â Elements of P and G were derived using the higherorder moments of the normal distribution (e.g., Stuart and Ord 1994) and standard variance-covariance rules (see appendix a). Elements in these matrices were verified with Monte Carlo simulation. À Á ¼ 0:3, for P within two standard deviations (SD) of its mean, but becomes curvilinear for extreme P. The predicted A m using the full model with multiple regressions on P, P 2 , and P 3 fitted well to the expectations obtained from Monte Carlo simulation (R 2 . 0:99) and, in contrast to multiple regressions on only P and P 2 , also explained the nonlinearity in the extremes. Figure 2B shows that the relationship between A v and P is highly curvilinear for r A ¼ 0:5, with higher A v for more extreme P. As forÂ m , the predicted A v using the full model with multiple regressions on P, P 2 , and P 3 fitted well to the expectation from Monte Carlo simulation (R 2 . 0:99). The use of only P and P 2 was adequate only within 2 SD of the mean, but was biased for extreme P.
Response to mass selection: Response to selection (DG) is predicted as DG ¼ bS, where b is the regression coefficient of the breeding value on the selection criterion, and S is the selection differential in units of the selection criterion (e.g., phenotype) (Falconer and Mackay 1996) . With homogenous environmental variance and directional mass selection, b ¼ h 2 and S ¼ is P , where i is the selection intensity, and DG ¼ ih 2 m s p is the breeders' equation (Falconer and Mackay 1996; Lynch and Walsh 1998) . With genetic heterogeneity of environmental variance, directional mass selection leads to responses in mean and variance . To predict this, Equation 2 can be rewritten as Da ¼ B9Dx, giving
where P s , P 2 s , and P 3 s are the respective means for the selected animals.
Directional selection: With directional selection by truncation, P s ¼ is P , where i ¼ z=p for normally distributed observations, z is the height of the standardized normal at the truncation point x, and p is the selected proportion (Falconer and Mackay 1996; Lynch and Walsh 1998 ). P 2 s and P 3 s were calculated by integration assuming that P is normally distributed, which is approximately the case for observed values of s 2 Av in the literature: The predicted response to directional mass selection is thus
The term P 2 s À s derived by , who calculated the probability of selection by using a Taylor series approximation, where the factor 1 2 appears here in the B-matrix, assuming that r A ¼ 0 and s 2 Av is small. Equation 5 can be rewritten using the regression coefficients in B and ignoring the terms involving P 3 , which were not included by ,
where D ¼ detðPÞ ¼ s . Differences arise when r A is substantially different from zero, as the covariance between P and P 2 was ignored by Hill and Zhang.
Stabilizing and disruptive selection: Stabilizing and disruptive selection can be considered as selecting the animals with low or high P 2 , respectively (Falconer and Mackay 1996) . Assuming that selection is by truncation, selection differentials P 2 s for P 2 can be obtained from Equation 4a and selection differentials for P and P 3 are zero for these types of selection when P is normally distributed. With stabilizing selection by truncation, animals only in the middle of the distribution are selected, giving a selection differential
where i* and x* are, respectively, the selection intensity and truncation point corresponding to p* ¼ 1 2 ð1 À pÞ, the proportion of animals culled on one side of the distribution. With disruptive selection by truncation, the extreme animals in both tails of the distribution are selected, giving a selection differential
where p* ¼ 1 2 p, the proportion of animals selected on one side of the distribution. The standardized selection differentials P 2 s À s 2 P for directional, stabilizing, and disruptive selection are in Table 2 .
Evaluation of predictions with directional mass selection: The predictions of Equation 5 [multiple regressions (MR) 3] and Equations 6 and 7 (MR2) and those of the Hill-Zhang (HZ) model ) are compared in Table 3 with the observed responses obtained from Monte Carlo (MC) simulation, for different values of r A and selected proportions. Multiple regressions on P, P 2 , and P 3 (MR3) predicted the responses well, with prediction errors ,5% when the selected proportion was at least 5% (prediction error relative to DA m with s 2 Av ¼ 0:05, r A ¼ 0, p ¼ 0:05). Prediction errors were on average smaller for MR3 than for MR2, although occasionally larger. They were also on average slightly smaller for MR2 than for the Hill-Zhang model, especially with r A ¼ 0:5, because in the latter the covariance between P and P 2 was not accounted for in calculation of the regression coefficients. Prediction errors using MR were mainly due to poor prediction of selection differentials because of deviations from normality and thus increased with decreasing selected proportion as the tails of the distribution were most affected (results not shown). When s Av increases deviations from normality in P, but it seems that the multiple-regression framework is robust against these relatively small deviations from normality, except when the selected proportion is very small. It can be concluded that MR3 is the preferred method for predicting responses in A m and A v with directional mass selection, having prediction errors ,5% when at least 5% are selected.
Multiple regression with selection based on a group of relatives Monte Carlo simulation: In animal breeding sires are often selected on performance of their half-sib progeny. Monte Carlo simulation was used to investigate relationships between the A m and A v of the sires and statistics on phenotypes of their progeny and then to evaluate the fit of predictions on the basis of multiple regressions. Fifty replicates were generated of 500,000 unrelated sires each with 10 or 100 half-sib progeny or of 50,000 unrelated sires each with 1000 or 10,000 half-sib progeny. Av , respectively. For each progeny, the environmental effect x was randomly sampled and scaled with its standard deviation.
Expected breeding values of sires were calculated as the mean A m and A v within successive intervals of 0.01 SD units of progeny mean P or log-transformed withinfamily variance [lnðvar W Þ] and averaged over replicates. Expected genetic selection differentials of directional selection on P were calculated as the mean A m and A v of all selected sires with ð P =s P Þ $ x and averaged over replicates.
Breeding value estimation: When there is an observation on only a single phenotype, there is no independent information available on the mean and variance of the genotype, although P and P 2 provide point estimates. When phenotypes of a group of relatives each having the same relationship to an individual are available (e.g., progeny), statistics such as P , ð P Þ 2 , and var W can be used to predict its A m and A v . Here P is the mean phenotype and P 2 is the mean P 2 of the relatives, var W ¼ ½n=n À 1ðP 2 À ð P Þ 2 Þ is the within-family variance, and n is the number of relatives within the group. With large n, var W becomes the main predictor of A v , but otherwise ð P Þ 2 contains additional information because animals with a high A v have a higher probability of having a very high or low P. This is similar to directional mass selection and the term ð P Þ 2 therefore plays an equivalent role to P 2 . Although the Monte Carlo simulation was based on sires with half-sib progeny, the prediction of breeding values generalizes to any group of relatives with the same relationship. The multipleregression equation can be represented as ); MR2, multiple regressions on P and P 2 (see Equations 6 and 7); HZ, prediction based on .
where a w is the additive genetic relationship between relatives within the family, and a j is the relationship of relatives to individual j. Elements in the P-and G-matrices, derived in appendix a, were verified with Monte Carlo simulation for the case of sires with half-sib progeny. Log-transformation of var W: In multiple regression linearity is assumed and is typically satisfied if the explanatory variables are normally distributed. Because variances of normally distributed variates are x 2 -distributed, the distribution of var W is not normal. As the number of relatives increases, var W approaches a normal distribution, but the convergence is slow (Stuart and Ord 1994) . The relationship between A v and var W is therefore nonlinear if there are a finite number of relatives (see Figure 3B) , and also the sampling variance of var W increases with its mean. A logarithmic transformation of var W seems a logical choice to reduce both the nonnormality of var W and the positive relationship between the mean and its sampling variance. When using lnðvar W Þ instead of var W , the elements in the P-and G-matrices involving var W were transformed using a firstorder Taylor series approximation (Lynch and Walsh 1998) . The matrices P ln and G ln involving lnðvar W Þ were calculated, respectively, as P ln ¼ LPL and G ln ¼ LG, where L ¼ diagð 1; 1; 1=var W Þ with 1=var W based on a first-order Taylor series approximation. The quantity Eðlnðvar W ÞÞ was calculated using a second-order Taylor series approximation (Lynch and Walsh 1998) Figure 3B shows that the relationship between A v and var W is curvilinear for the case of 100 half-sib progeny when r A ¼ 0. The predicted A v using untransformed var W (MR linear) overestimated A v for extreme values of var W , whereas predicted A v using log-transformed var W (MR log) was curvilinear in var W and fitted well the expectation from Monte Carlo simulation (R 2 . 0:99). As the bias inÂ v was largest with extreme values of var W , the bias inÂ v at 2 SD from the mean lnðvar W Þ predicted by multiple regression using either var W or lnðvar W Þ was computed for different values of s 2 Av and numbers of progeny per sire (Table 4) . Multiple regression on var W was seen to overestimate, but on lnðvar W Þ to underestimate,Â v . The bias using lnðvar W Þ was negligible when the number of progeny was 100, but increased when the number of progeny was small (10) or large (10,000). The bias with var W was negligible with 10,000 progeny, as could be expected from the slow convergence of a x 2 -distribution to a normal distribution, and was small with a few progeny. Note that a higher degree of symmetry between the expected A v at À2 and 2 SD of the mean lnðvar W Þ corresponded with a smaller bias inÂ v with lnðvar W Þ. The value of log-transformation of var W thus depends on the number of progeny per sire.
Response to directional selection on family mean: With the common procedure in livestock breeding to directionally select animals by truncation on the mean ( P ) of relatives, e.g., progeny, information on the withinfamily variance (var W ) is ignored. As for mass selection, if there is genetic heterogeneity of environmental variance, animals with a higher A v would have a higher probability of selection when the selected proportion is ,50%, diminishing as the number of relatives increases. If A m and A v are uncorrelated, the response in A v is proportional to the selection differential ð P Þ 2 s , 
There is therefore no selection pressure on A v with an infinite number of relatives (Equation 11), as suggested by using a different argument.
Response in A m and A v with selection on P can be generalized as
To compute (12), var W was not included in the information vector x because selection is solely on P . For infinitely many relatives, Equation 12 can be rewritten as DA m ¼ a j is Am = ffiffiffiffiffi a w p , which is the corresponding standard breeders' equation, and DA v ¼ a j ir A s Av = ffiffiffiffiffi a w p , showing that response in A v then becomes solely a correlated response to selection on P . Evaluation of predictions: Table 5 shows predicted responses (Equation 12) in A m and A v when selecting on the mean of half-sib progeny ( P ) in comparison to observed responses from Monte Carlo simulation. In general, these agreed well, although prediction errors were slightly higher when r A 6 ¼ 0, especially with high selection intensity. As expected, the response in A m increased with more progeny (higher accuracy of selection) and lower selected proportion (higher selection intensity). The response in A v was small, becoming negligible with 100 progeny/sire when r A ¼ 0, but was, however, substantial when r A 6 ¼ 0, basically as a correlated response to selection on the mean. Response in A v increased nonlinearly with increasing selection intensity, similar to directional mass selection, but to a lesser extent. In conclusion, responses in A m and A v to selection on P can be predicted accurately using multiple regression. 
Alternatively, h 2 v could be defined at the level of environmental variance, which equals one in Equation 1. On the basis of single phenotypic records, the environmental variance of a genotype is, however, not estimable. The measure of heritability in Equation 13 is directly related to single squared phenotypic records and as such is the natural analogy of the classical heritability of the mean (h 2 m ), which can be used in prediction of response to mass selection when r A ¼ 0.
Under the assumption of s was compared to that predicted using Equation 9 and Monte Carlo simulation when r A ¼ 0 (Table 6 ). In general, accuracies were slightly underestimated by Equation 14, increasingly so with greater s 2 Am (s 2 P ¼ 1), whereas the ones of Equation 9 were close to those from simulation. It seems that h 2 v can be used as a first approximation in standard prediction equations when r A ¼ 0, but predictions should be interpreted with caution.
EXAMPLES OF CHANGING ENVIRONMENTAL VARIANCE BY SELECTION
In the previous section the focus was mainly on evaluating the goodness of fit of multiple-regression predictions with Monte Carlo simulation, but the results also show the effects of selection on environmental variance. For example, the response in A v with directional mass selection increased nonlinearly with increasing selection intensity (Table 3) , and environmental variance increased unless r A , 0. The response in A v was, however, negligible with directional selection on a halfsib progeny mean when r A ¼ 0 (Table 5) , but was substantial when r A 6 ¼ 0, due to a correlated response. We now use the formulas (Equations 2, 3, and 9) to assess the effects of selection strategies aimed at changing the environmental variance, taking values of s 2 Av between 0.01 and 0.10. These correspond to a low h 2 v but are large relative to s 2 E ¼ 0:7, indicating a genetic coefficient of variation between 14 and 45%, higher than that for standard quantitative traits (Houle 1992) . As expected, the accuracy ofÂ v increased with s 2 Av (Table 7 ). The accuracy was low when using information only on own phenotype or a small number of progeny, but increased with number of relatives, especially with half-sib progeny, and when r A 6 ¼ 0. With 1000 half-sib progeny, the accuracy was .0.90, unless s With directional and disruptive selection on phenotype, the predicted response in A v was positive and environmental variance increased substantially and nonlinearly with selection intensity. Disruptive selection gave a slightly larger response because the selection intensity in each tail of the distribution of P was higher. With stabilizing selection on phenotype, the response in A v was negative but small, even when the selection was intense because selection differentials remain small and were nearly constant (Table 2) . With directional downward selection onÂ v based on 100 half-sib progeny, response in A v was negative and environmental variance decreased substantially, which in an agricultural context would imply increased uniformity of end product. Responses increased linearly with selection intensity and became large, especially with s 2 Av $ 0:05. When the best 5% of the sires are selected onÂ v and dams are selected at random with s 2 Av ¼ 0:05, the environmental variance would be 0.554 in the next generation, which is only 79.1% of that in the current generation! In conclusion, a large number of progeny is necessary to predictÂ v with high accuracy, but responses in A v can be large relative to the environmental variance in the current generation.
DISCUSSION
A multiple-regression framework has been developed to predict breeding values and selection responses in mean and variance for mass selection and selection between families in the presence of genetic heterogeneity of environmental variance. The model of has been refined for directional mass selection and extended to stabilizing and disruptive selection based on phenotype and to between-family selection. The phenotypic variance increases nonlinearly with selection intensity under directional mass selection when r A ¼ 0. It increases even more with disruptive selection, but decreases only slightly with stabilizing selection, which is in agreement with results of Gavrilets and Hastings (1994) and Wagner et al. (1997) . With selection on family mean, phenotypic variance is expected to change little unless r A 6 ¼ 0, but with selection on within-family variance, response in phenotypic variance may be large providing s 2 Av . 0, even though a large number of relatives is necessary to estimateÂ v accurately.
Methodology: Comparison of genetic models: Different genetic models to account for genetic heterogeneity of environmental variance appear in the literature, basically either additive effects both at the level of the mean and at the level of the environmental variance Zhang and Hill 2005 ; this study) or additive effects on the mean and an exponential model for the environmental variance (SanCristobal-Gaudy et al. 1998 Sorensen and Waagepetersen 2003; Ros et al. 2004) . In the exponential model
where s 2 E;exp is the environmental variance when A v;exp ¼ 0, and A v;exp is the individual's breeding value for environmental variance in the exponential model, such that environmental variances are multiplicative on the observed scale and additive on a log-scale. (Note that lnðs 2 E;exp Þ ¼ h in the notation of SanCristobalGaudy et al. 1998 .) The distribution of true variances (not variance estimates) is unknown in practice and cannot help in guiding whether the additive model or the exponential model better reflects the real world. Clearly, each model has specific (dis)advantages. The exponential model has tractable properties so it is easier . Thus results obtained using the exponential model in data analysis could be converted using Equations 16 and 17 to the additive model and the deterministic equations derived in this study used to predict selection responses. Gavrilets and Hastings (1994) and Wagner et al. (1997) adopted slightly different multiplicative models to deal with genetic heterogeneity of environmental variance, but these are in essence very similar to the exponential model.
Multiple-regression framework: In this study, a multipleregression framework was used to predict breeding values and selection responses. Prediction equations were derived for incorporating phenotypic information of only one type, individual or family statistics, but the method can easily be extended to situations where phenotypic information is available from different kinds of relatives. For the common situation of optimal weighting of own performance and family information, most of the necessary elements in the prediction equation either have been derived here or can be derived straightforwardly using the same methods. Furthermore, the regression structure enables prediction of responses in mean and variance with different selection strategies using the classical selection index theory and extension to give optimal changes in mean and variance via a selection index (Hazel 1943) . The framework presented can be used only for prediction of selection response after one generation of selection; due to buildup of gametic phase disequilibrium, genetic variance would decrease with directional selection, lowering selection responses (Bulmer 1971) . Furthermore, gametic phase disequilibrium induces an unfavorable covariance between the additive genetic effects for mean and environmental variance, counteracting desired changes in mean and variance . Inclusion of the Bulmer effect was beyond the scope of this article, but could be implemented (Hill and Zhang 2004, 2005) .
In the multiple-regression framework fixed effects are assumed to be known without error, but in practice they are estimated from the data, thereby reducing accuracy and selection response. Therefore, results in this study should be interpreted using an effective number of observations, which is lower than the actual number of observations. To predict breeding values in the presence of fixed effects on mean (e.g., herd effect) and variance (e.g., heterogeneity of variance between herds, environments with different stress levels), a model with genetically structured environmental variance can be used (SanCristobalGaudy et al. 1998; Sorensen and Waagepetersen 2003) . Modeling of environmental heterogeneity of variance (e.g., between herds) has been reviewed by Foulley and Quaas (1995) and Hill (2004) . To predict selection responses with genetic heterogeneity of environmental variance in environments differing in mean environmental variance (e.g., herds, stress levels), the present framework can be used by adjusting s 2 E . A disadvantage of the multiple-regression framework is that it relies on the assumption that the explanatory variables (x) are linearly related to the dependent variables (y), which is ensured when x and y are bivariate normally distributed. As a consequence, results may not be robust against deviations from normality, particularly when higher-order terms such as P 3 are included in predictions. The multiple-regression framework was, however, robust against small deviations from normality induced by genetic heterogeneity of environmental variance. SanCristobal-Gaudy et al. (1998) and Sorensen and Waagepetersen (2003) also assumed multivariate normality in predictions of selection responses, but their approaches were more flexible in allowing for other distributions. Their approaches were not very different from those in this study, but some expressions were much more complex due to the use of the exponential model.
Multiple-regression methods would be useful to study the evolution of phenotypic variance in natural populations, to further develop analyses of Zhang and Hill (2005) . Selection for reduced environmental variance could result in environmental canalization, a phenomenon of long-standing interest (e.g., Waddington 1942 Waddington , 1960 reviews in Scharloo 1991 , Debat and David 2001 , and Flatt 2005 . On the basis of our predictions, stabilizing selection cannot cause environmental canalization of traits within a few generations, but may do so eventually. With long-term canalizing selection, the question arises whether the limit of environmental variance is zero, whereas most quantitative traits in nature under stabilizing selection still exhibit environmental variance (e.g., Wagner et al. 1997) . We know little about how levels of environmental variation are determined and maintained in nature in the face of stabilizing selection. Different mechanisms have been proposed (e.g., Wagner et al. 1997) , such as introducing a cost for homogeneity or canalization . To further investigate long-term effects of natural selection on environmental variance, the current framework can be extended to include the effects of gametic phase disequilibrium, inbreeding, and mutation, analogous to effects of selection on the mean of traits.
Evidence for genetic heterogeneity of environmental variance: Although the tools for evaluating breeding strategies to change the mean and the size of environmental variance are now available, the whole exercise would just be a theoretical game if s 2 Av ¼ 0. As reviewed in the Introduction, there is empirical evidence that genotypes differ in environmental variance, but it is not abundant. To compare results of different studies analyzing field data we use Equation 17, because some are based on the exponential genetic model (SanCristobalGaudy et al. 1998 (SanCristobalGaudy et al. , 2001 Sorensen and Waagepetersen 2003; Ros et al. 2004 ) and some on the additive genetic model (Rowe et al. 2006) . The measure of heritability (h 2 v ) developed in this study (Equation 13 ) and the genetic coefficient of variation for environmental variance GCV E ¼ s A =m ¼ s Av =s 2 E , denoted ''evolvability'' (Houle 1992) , are used to compare results from different studies ( Table 9 ). Heritabilities of environmental variance were low, in the range 0.02-0.05 as used in this study, and GCV E 's were large, in the range of 0.30-0.58 (excluding 0). Note that GCV 2 E is close to s show that a large amount of information is necessary to estimateÂ v accurately, but the high values of GCV E show that there is substantial opportunity for genetic change.
Other evidence of the existence of genetic heterogeneity of environmental variance can come from selection experiments. With genetic heterogeneity of environmental variance, environmental variance would decrease with stabilizing selection and increase with disruptive selection. In most studies (e.g., Rendel et al. 1966; Cardin and Minvielle 1986) , however, only changes in phenotypic variance are reported, which are not separated into changes in genetic and environmental variance. Interpretation of any selection experiment is complicated by possible changes in genetic variance due to gene frequency change, which cannot be predicted from simple base population parameters. Under infinitesimal model assumptions, effects of gene frequency change can be ignored and those due to gametic phase disequilibrium can be predicted. Due to negative gametic phase disequilibrium, genetic variance is expected to decrease with stabilizing selection and increase with disruptive selection (Bulmer 1971) . In agreement with this expectation, Kaufman et al. (1977) found substantial decreases in genetic and environmental variance with stabilizing selection in T. castaneum and Scharloo et al. (1972) observed substantial increases in genetic and environmental variance with disruptive selection in D. melanogaster, indicating a substantial genetic variance in environmental variance. Sorensen and Hill (1983) , however, found large increases only in genetic variance with disruptive selection in D. melanogaster. Even though some studies analyzing field data or selection experiments show existence of genetic heterogeneity of environmental variance, it could still be due to statistical artifacts, e.g., due to confounding genetic and environmental effects on variance or violation of the infinitesimal model assumption. If genetic heterogeneity of environmental variance is a truly biological phenomenon, it could be due to scaling, genetic variance in environmental sensitivity, or a combination of both. Traits seem to have a rather constant CV, even when the mean changes dramatically due to selection (Hill and Bü nger 2004) . A constant CV would require a correlation of unity between mean and standard deviation, which has not been found in analysis of field data (Sorensen and Waagepetersen 2003; Ros et al. 2004; Rowe et al. 2006) . Genetic heterogeneity of environmental variance can arise from genetic differences in environmental sensitivity (Falconer and Mackay 1996; Lynch and Walsh 1998) . When genotypes perform under variable environmental conditions, which are unknown to the researcher, genetic differences in response to environmental conditions may be observed as genetic heterogeneity of environmental variance.
Genetic heterogeneity of environmental variance is a complicated phenomenon and there is not yet abundant evidence of its existence. The results in this study may help in understanding the consequences of genetic heterogeneity of environmental variance on phenotypes and the methods can help in designing selection experiments and in evaluating breeding strategies or the effects of natural selection that change both the mean and the variance. Genetic heterogeneity of environmental variance may indeed be exploited to breed more ''robust'' or ''stable'' genotypes.
